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Introduction
The world's fisheries provide more than 2.6 billion people with at least 20% of their average annual per capita protein intake (FAO 2007) . As the planet's climate changes so too will populations, species and ecosystems, with profound consequences for fisheries change Harvell et al. 2002; Perry et al. 2005; Stenseth et al. 2005; Lehodey et al. 2006; Hall-Spencer et al. 2008 ). Where will climate change impacts on fisheries have greatest social and economic significance? This is a simple question, but a comprehensive answer would require predictions of the geographic patterns of global warming (from global circulation models) and predicted impacts of atmospheric warming on climatic, hydrological and oceanographic processes (from physical models). These changes in physical processes would then need to be linked to ecological processes using coupled physical-ecosystem modelsif they were available (deYoung et al. 2004 , Travers et al. 2007 Cury et al. 2008; Jennings and Brander submitted) . But all of this takes us only half way to an answer; predicting the impacts on people would further require an understanding of the social and economic dynamics of fishing fleets and fishing communities, and their capacity to adapt to change.
Such integrated predictions of the impact of climate change are beyond the current frontiers of our knowledge, particularly at national or smaller scales. In the meantime, fishers are already being affected by changes that are ultimately driven by rising global atmospheric temperatures. For example, coastal fishers in Bangladesh face increased frequency and severity of hurricanes, coupled with the greater penetration of saline water into coastal land due to thermal expansion of the warming oceans (Unnikrishnan et al. 2006) ; the people of the Chad basin converge around their shrinking lake, as regional warming drives decreased rainfall and increased evapotranspiration (Coe and Foley 2001) ; and the coastal fishers cope with bleached coral reefs as atmospheric warming leads, in turn, to warmer seas and higher bleaching susceptibility (Hoegh-Guldberg et al. 2007) . Set within a context of overexploitation of many of the world's fisheries Newton et al. 2007) , policy makers urgently require information and analysis to guide investments and initiatives in climate change mitigation and adaptation.
While there is a growing body of case studies on the observed effects of climate change on the distribution and production of individual fisheries (e. g. Lehodey et al. 2006; Drinkwater 2005; Kell et al. 2005; Brander 2007 ), it is difficult to estimate or predict the broader or aggregate effects of climate change at national and regional scales (Brander 2007) . Additionally, little attention has been given to the consequences of changing fisheries ecosystems on people, particularly so for the millions of small-scale fisherfolk (fishers, fish processors, traders and ancillary workers) in the developing world who are among the most vulnerable to climate change (Sadovy 2005; McClanahan et al. 2008 ). Yet informed predictions at these scales are urgently needed, because most policy responses relating to planned climate change adaptation and fisheries management are or will be implemented at national levels (Adger et al. 2005a) , and even those at local levels will be derived from decisions made at national levels. Until the development of detailed global-scale 'physics-to-fish-to-fishers' models, one pragmatic approach is to use indicators in combination with a risk-assessment or vulnerability framework (Villa and McLeod 2002; Turner et al. 2003; McClanahan et al. 2008) .
To date, global and regional climate vulnerability assessments have focused on agricultural production; fisheries have not yet been systematically evaluated (Fischer et al. 2005; Parry et al. 2005; Schmidhuber and Tubiello 2007; Tubiello et al. 2007) . In this paper, we provide an indicator-based analysis of the relative vulnerabilities of 132 countries to climate change impacts on fisheries. We use a vulnerability assessment framework developed to identify countries highly exposed to hazards related to climate change, where livelihoods and economic growth depend on climate-sensitive industries, such as agriculture, fisheries, forestry and tourism, and where limited resources, infrastructure and societal capacity constrain adaptation (Turner et al. 2003; Kasperson et al. 2005; Smit and Wandel 2006) . Vulnerability is typically defined as a combination of the extrinsic exposure of groups or individuals or ecological systems to a hazard, such as climate change, their intrinsic sensitivity to the hazard, and their lack of capacity to modify exposure to, absorb, and recover from losses stemming from the hazard, and to exploit new opportunities that arise in the process of adaptation (Adger et al. 2005a; Brooks et al. 2005; Smit and Wandel 2006) . This analysis is the first systematic attempt to compare the relative vulnerabilities of national economies to potential climate change impacts on fisheries at a global-scale.
Methods

Spatial scale of climate vulnerability assessment
We choose to focus on a national scale, mainly because appropriate policies are generally formulated and implemented at this scale, but also because many global indicators are available only at national scale. Country-level assessments provide a broad view of vulnerability patterns and may be used to identify particularly vulnerable regions and eventually facilitate comparison of vulnerability assessments across natural resource-dependent industries, potentially providing insight into processes that cause and exacerbate vulnerability (Adger et al. 2004; Brooks et al. 2005; Dilley et al. 2005; Yohe et al. 2006) . While this analysis may have greatest relevance to the national or international policies that facilitate climate adaptation processes and management of fisheries systems, our approach complements local site-specific assessments looking at individual and fisherfolks' community adaptation (Hamilton et al. 2000; McClanahan et al. 2008; Tuler et al. 2008) , as well as case studies investigating the impact of climate change on particular countries or regions (Perry and Sumaila 2007; McGoodwin 2007) .
We focus on the vulnerability of national economies to potential impacts of a single large-scale driver, climate change. While additional drivers such as fishing pressure, fuel prices, future changes in trade flows and consumption patterns are important in shaping fisheries production systems, and including such drivers in a global vulnerability analysis with a 50-year horizon would seem pertinent, such long-term global-scale projections are not yet available.
The three components of vulnerability
Vulnerability to climate change depends upon three key elements: exposure (E) to physical effects of climate change, the degree of intrinsic sensitivity of the natural resource system or dependence of the national economy upon social and economic returns from that sector (S) , and the extent to which adaptive capacity (AC) enables these potential impacts to be offset (Adger 2000; IPCC, 2001a) . There are no objective, independently derived measures of exposure, sensitivity, or adaptive capacity, and so their relevance and interpretation depend on the scale of analysis, the particular sector under consideration and data availability (Turner et al. 2003; Sullivan and Meigh 2007) .
We chose measures of exposure, sensitivity and adaptive capacity that likely to best capture the properties of interest, based on previous vulnerability studies (Brooks et al. 2005; Metzger et al. 2005; O'Brien et al. 2005) . The choice of variables is similar to that of other constructed indices such as the Disaster Risk Index, Water Poverty Index and the Hotspots programme (Dilley et al. 2005; Sullivan and Meigh 2007) , and was driven by a consideration of a number of factors including: the number of countries for which data were available, the availability of recent data, and the degree of direct relevance to the phenomena that the indicators are intended to represent. As this is the first study that specifically addresses the sensitivity of the fishery sector, we identified indicators of economic dependence on fisheries based on a review of the scientific literature . For the three key elements of vulnerability (i.e. Exposure, Sensitivity, and Adaptive Capacity) the derivation of each indicator is detailed below.
Exposure
Many climate variables influence fisheries through a range of direct and indirect pathways. The key variables or drivers of interest include: changes in air and water temperatures, precipitation, salinity, ocean circulation and mixing, river flow, nutrient levels, sea and lake levels, ice cover, glacial melt, storm frequency and intensity, and flooding (Barange 2002; Stenseth et al. 2003; Lehodey et al. 2006; Brander 2007) . These physical drivers affect fisheries through many pathways; both direct and indirect (Table 1) . The known direct effects of climate change include changes in the abundance and distribution of exploited species and assemblages (Perry et al. 2005; Lehodey et al. 2006; Dulvy et al. 2008) and increases in the frequency and severity of extreme events, such as floods and storms, which affect fishing operations and infrastructure (Adger et al. 2005b) . Indirect effects include: (i) changes in aquatic habitat quantity and quality, ecosystem productivity and the distribution and abundance of aquatic competitors and predators (O'Reilly et al. 2003; Edwards and Richardson 2004; Hall-Spencer et al. 2008) ; (ii) impacts on other food production sectors that affect people's livelihoods and food security (Rosegrant and Cline 2003) , and (iii) impacts on aspects of people's lives unrelated to their economic activities, such as diseases or damage to their homes (Kovats et al. 2003; Lafferty et al. 2004; Haines et al. 2006) .
Choosing an indicator of exposure to climate change for a global analysis is fraught with constraints and assumptions. For countries with marine fisheries, an obvious choice would be changes in sea surface temperature (SST) but there is no equivalent for inland waters, which support significant fisheries in countries such as China, Bangladesh, Cambodia, India and nations in the African Rift Valley. Moreover, even for coastal states, sea surface temperature predictions from global climate models downscaled at the country level were not available at the time of analysis. For climate variables other than temperature, good projections are simply not yet available at the scale of our analysis (IPCC, 2007) . We therefore compromised and used projected mean surface air temperature to 2050 as the underlying indicator of exposure to climate change as it is the most direct, best understood and most readily available indicator of future climate change (Table 2 ; see also Scholze et al. 2006) . We thus make the simplifying assumption that warming-related impacts (both positive and negative) upon physical and biological variables affecting fisheries production and fishery operations will be greater in areas where projected air temperature changes are greater.
Using land surface temperature as an indicator of exposure does not account for the specific dynamics of local systems that result in differences between rates of atmospheric warming and surface water heat uptake. However, we note that for the United Kingdom the projected spatial pattern of annual surface warming is similar to the SST warming pattern, but roughly 0.5°C warmer (Hulme et al. 2002) . While it might be reasonably argued that land surface temperature changes for other areas may not adequately represent the important climate changes over the sea, we note that in at least some parts of the world, particularly the northern hemisphere, SSTs are rising much faster than land surface temperatures (MacKenzie and Schiedek 2007; Sherman et al. 2007; Dulvy et al. 2008) . Hence, for such seas, the use of projected land surface temperatures will be a conservative representation of the true exposure of aquatic ecosystems to climate change.
Mean predicted air temperature change at 1.5 m above the surface for 2050 was derived by rescaling the 2080 values from the TYN CY 3.0 dataset (Mitchell et al. 2004) , which provides countryspecific projections based on gridded values from the UK Hadley Centre climate model (HadCM3) outputs (Gordon et al. 2000) . The spatial patterns of temperature change are broadly consistent between climate models, so it is reasonable to present results from just one climate model for this level of analysis (IPCC, 2001b) . Two IPCC climate change scenarios were selected to represent two contrasting potential futures (IPCC, 2001a) . The A1FI world is characterized by a high dependence on fossil fuels, rapid economic growth and continued population growth. These attributes are reflected in higher temperatures than in the B2 world, in which population growth and economic development are Vulnerability of national economies Edward H. Allison et al. Table 1 Examples of potential impact pathways through which climate change can affect the distribution and production of fish stocks, the risk and viability of fishing operations and livelihoods, and the economic contribution of fisheries to poverty reduction. Modified from Allison et al. (2005) . more moderate and greater emphasis is placed on environmental protection. The exposure index was normalized and rescaled to range from 0 to 1, with higher values representing higher levels of exposure.
Sensitivity
Sensitivity is usually defined as the intrinsic degree to which biophysical, social and economic conditions are likely to be influenced by extrinsic stresses or hazards (IPCC, 2001a) . However, because climate change may influence ecological and human aspects of fisheries in complex ways, we considered sensitivity in a slightly different context. Instead we assume that the sensitivity, in this context, is represented by the fisheries dependence which we consider to be the importance of fisheries to national economies and food security. In effect, we represented the sensitivity of the economy (and not any single fishery per se) to potential climate-change impacts on the fisheries sector as a whole. The fisheries dependence of national economies was represented using a composite indicator comprised of fisheries production (landings), and the contributions of fisheries to employment, export income and dietary protein (Table 3 ). This assumes that countries with higher landings and higher contributions of fisheries to employment, export income and dietary protein are more likely to be impacted (positively or negatively) by warming-related changes in the whole fishery production systems of that nation. A composite index of sensitivity was calculated as an unweighted average of the indices of production, economic dependence and nutritional dependence. Resulting values were normalized and scaled to range from 0 to 1, with higher values reflecting greater sensitivity. Fisheries production could be represented using either capture fisheries landings (i.e. excluding discards) or catch value. We chose to use fisheries landings for two reasons. First, using catch value would have overweighted the significance of exportled fisheries in relation to fisheries that supply domestic markets, which are generally more important for the well-being and socioecological resilience of local fishing communities (Pauly and Maclean 2003; Sadovy 2005) . Second, the monetary value of exports is in any case incorporated elsewhere in the index of dependence (see below). Catch landings for coastal and inland waters were summed across edible fishes, crustaceans and molluscs, and excluding non-edible organisms such as algae, amphibians, aquatic mammals, corals, reptiles, shells and sponges (http://faostat.fao.org/). Annual fisheryrelated export value (US$) was the sum of exports and re-exports of fishery products fit for human consumption for each country, averaged over 1998-2001 (http://faostat.fao.org/), and expressed as a proportion of total revenues derived from exports of all goods and services, averaged over the same 4-year period (Anonymous, 2003) . The FAO (Handisyde et al. 2006) . We used two metrics of the contribution of fisheries to national employment: total number of fishers and the number of fishers expressed as a proportion of the economically active population (EAP). These two variables are only weakly correlated (Spearman's q = 0.39) and they capture and represent different elements of sensitivity, because strong dependence on fisheries for employment may reflect either high absolute dependence (i.e. a large number of fishers) or relative dependence (i.e. a large proportion of the national workforce), or in some cases, both. Estimates of fisher numbers were derived from the most recent national census data; we caution that these values probably underestimate true numbers because of the recognized difficulties in enumerating fishers (CWP, 2004) . The Economically Active Population is the number of employed and unemployed persons (including those persons seeking work for the first time). Values for the EAP are more recent than the estimates of numbers of fishers by 4-9 years. Globally, the number of fishers is increasing faster than the number of farmers, but numbers of fishers may be decreasing in countries in economic transition or undergoing rapid urbanization (Tietze et al. 2000) . For individual countries, therefore, this time difference between metrics will merely add to the error variance, rather than introduce systematic bias. Total number of fishers and proportion of fishers in the EAP were averaged to produce a single index of employment-dependence for each country. Due to limited data availability, it was not possible to account for employment within indirect components of the fisheries sector (e.g. manufacture of fishing gear, fish processing), as comparable data were not available across all 133 countries.
The nutritional dependence of the human population on fisheries was represented by the total fish available for consumption per country expressed as a proportion of all consumed animal protein. Fish consumption was estimated as annual total supply (production + imports -exports -non-food uses) from FAO food balance sheets, and expressed as grams of product consumed per person per day (FAOSTAT, 2004) .
Adaptive capacity
Adaptive capacity comprises elements such as levels of social capital, human capital and the appropriateness and effectiveness of governance structures (Haddad 2005; Yohe et al. 2006; Tol and Yohe 2007; Vincent 2007) . The adaptive capacity index in this study was a composite of four human development indices (healthy life expectancy, education, governance and size of economy). These variables were chosen on the assumption that countries with high levels of economic and human development have the resources and institutions necessary to undertake planned adaptation ( Table 2 ). The Climate Analysis Indicator Tool (CAIT) developed by the World Resources Institute was used to combine these four variables (CAIT, 2005) . CAIT is an information and analysis tool on global climate change, providing a publicly available database of comparable climate-relevant indicators, which are drawn from reputable international and national sources.
Here we outline the four adaptive capacity indicators: healthy life expectancy, education, governance and the size of economy. The variable 'healthy life expectancy' was the number of years a newborn child can expect to live in full health based on current mortality rates and the distribution of health states in the population (WHO, 2002) . The link between health and climate change involves opportunity cost, such that countries with significant health burden are likely to find it socially and politically difficult to allocate resources to mitigate and adapt to climate change. Education levels were calculated as a weighted combination of adult literacy and school enrolment rates. Adult literacy was represented by the percentage of people aged ‡15 years that can read and write a simple statement on their everyday life. School enrolment ratio was calculated as the number of students enrolled, regardless of age, as a percentage of the population of official school age for that level for primary, secondary and tertiary gross enrolment (UNDP, 2003) . These education variables were weighted (2/3 literacy rates: 1/3 Vulnerability of national economies Edward H. Allison et al. enrolment rates) by CAIT according to United Nations Development Programme methodology (UNDP, 2003) . The World Bank governance index combines six equally-weighted components of governance (Kaufmann et al. 2002) : political stability (e.g. perceptions of likelihood of armed conflict); government effectiveness (e.g. bureaucratic quality); regulatory quality (e.g. regulatory burden, market-friendliness); rule of law (e.g. black markets, enforceability of contracts); voice and accountability (e.g. free and fair elections, political rights); and corruption (e.g. its prevalence among local officials). Gross Domestic Product (GDP) was calculated as the sum of gross value added by all resident producers in the economy, plus any product taxes, less any subsidies not already included in product values. We used total GDP converted to US dollar values for the year 2000, using purchasing power parity as an indicator of the size of each national economy.
We normalized and standardized the four adaptive capacity indices, averaged them to produce the composite index and then inverted them (1 -index) for inclusion in the vulnerability index, i.e. so that the United States, the country with the greatest adaptive capacity, had the lowest score.
Construction of vulnerability index
The attributes of vulnerability, exposure (E), sensitivity (S) and AC may be combined in many ways; the form of the relationship among them will be highly context-specific (Turner et al. 2003) . For example, the potential impact (PI) of climate change may be seen as a function of exposure or sensitivity, which may be offset, reduced or modified by adaptive capacity, such that V = f(PI-AC) or V = f([E, S] -AC). Implicit in this framework is that any vulnerability score is weighted one-half to adaptive capacity and one-quarter each to exposure and sensitivity. A more parsimonious and transparent approach is to avoid such weightings altogether, given that there is not yet a real a priori mechanistic understanding of the relative value and nature of the interaction among their constituent components, by calculating a vulnerability index that simply treats the three components equally, as V = f(E, S, AC) (Adger and Vincent 2005) . A second issue to consider in calculating a vulnerability index with this framework is whether the variables are averaged (i.e. an additive model) or multiplied. With an additive approach, final vulnerability values depend equally on all three components, while using a multiplicative approach means that a low score on any single component is less likely to result in a high overall vulnerability score (Hajkowicz 2006) .
We explored the robustness of vulnerability scores to a variety of methods of combining and weighting exposure, sensitivity and adaptive capacity into a composite index. Different methods of calculation had little effect on the rank order of vulnerability scores for either climate change scenario. Both the weighted (i.e. one-half AC and one-quarter each for E and S) and unweighted vulnerability scores were highly correlated (A1FI, Pearson's r = 0.96; B2, r = 0.96). Similarly, averaging or multiplying the variables produced highly correlated vulnerability scores (A1FI, Spearman's q = 0.96; B2, Spearman's q = 0.95). Indices were therefore calculated as an unweighted mean of the standardized indices of the three components of vulnerability.
A full set of indicators could be calculated for 132 countries. The lack of data resulted in the exclusion of 60 nations, including 21 Least Developed Countries (UN-OHRLLS, 2006) (Fig. 1) . Final vulnerability scores were highest for the most vulnerable countries (i.e. high exposure, high sensitivity and low adaptive capacity), and lowest for the least vulnerable countries. For presentation, final indicator scores were categorized into 'high', 'moderate', 'low' and 'very low' quartiles.
Results
Exposure to climate change
Under both IPCC scenarios, warming will be greatest in northern parts of Asia, Europe, North America, and South America (Fig. 2) . Relatively smaller temperature increases are predicted for nations in Australasia, South Asia, Southeast Asia, western Europe, parts of sub-Saharan Africa, and southern South America. Predicted temperature increases for the final 132 countries in the dataset were very highly correlated between the two scenarios (Spearman's q = 0.97, P < 0.001).
Sensitivity or dependence of national economies upon the fisheries sector
The largest fisheries in terms of total capture production and employment were in the Americas Vulnerability of national economies Edward H. Allison et al. and in Asia (Figs 3a, b) . As expected, the largest reported landings were associated with those countries traditionally considered the world's major fishing nations (FAO, 2007) , including China, Peru, Japan, USA, Indonesia, Chile, the Russian Federation, India, Thailand, and Norway. The only Least Developed Country that appeared within the top quartile (i.e. the 33 countries with the highest reported landings) was Bangladesh, which has both significant marine and inland fisheries. African nations were relatively underrepresented within the top quartile, which included only Morocco, Namibia, Nigeria, and Ghana. The lowest levels of production were mainly associated with landlocked countries (e.g. Armenia, Botswana, and Burkina Faso), small island states (e.g. Haiti, Mauritius, and Trinidad and Tobago), and nations in the Middle East (e.g. Lebanon, Jordan and Kuwait).
Countries with the highest absolute numbers of fishers were concentrated in Asia, Africa and the Americas and included seven Least Developed Countries in Africa and Asia (Bangladesh, Cambodia, DR Congo, Madagascar, Mali, Nepal, and Tanzania). When numbers of fishers were considered in relation to the EAP, the nations most heavily dependent on fisheries for employment (i.e. the top quartile) were located predominantly in Africa and southern Asia (Fig. 3a) . Fishers constituted the greatest proportion of the EAP in Fiji, Vietnam, and DR Congo (18.4, 7.4 and 7.1%, respectively) . In three countries (Belize, Malta and Suriname), relatively low absolute numbers of fishers constituted a Figure 1 Venn diagram of the distribution of data-deficient countries that could not be included in this analysis, grouped according to Least Developed Countries and Small Island Developing States. * indicates countries for which sensitivity data were available, which were identified as highly fisheries-dependent. This does not include overseas territories. high proportion of the EAP, while the converse was true in Brazil, Tanzania, Thailand, the Russian Federation, and USA, where relatively high numbers of fishers represented a low proportion of the EAP.
Vulnerability of national economies
Export income dependency on fisheries was highest in coastal nations of Southeast Asia, Africa, Central and South America, and northern Europe (Fig. 3c) . The top quartile of countries with the highest levels of fisheries export income included seven African Least Developed Countries (GuineaBissau, Madagascar, Mauritania, Mozambique, Sierra Leone, Tanzania, and Uganda), as well as Bangladesh and Cambodia. Four high-latitude nations (Denmark, Iceland, Norway, and New Zealand) were also identified as relying heavily on fisheries export incomes; Iceland earned the highest proportion of income from fisheries exports globally.
Nutritional reliance on fish as a source of animal protein was greatest in Asia and sub-Saharan Africa (Fig. 3d) . In the three western African countries that were most nutritionally dependent upon fish (i.e. Ghana, Sierra Leone and the Gambia), 59-67% of animal protein was derived from fish. Many of the countries that were most dependent on fish for protein were Least Developed Countries (13 of the top 33 countries in the final dataset). Three high latitude nations were also strongly reliant on fish protein (i.e. Iceland, Japan and Norway).
Combining the elements of sensitivity revealed that the most fisheries-dependent countries were in Africa, Asia, the Americas, and Europe ( Fig. 4a ; Table 3 ). Nations identified as highly dependent on fisheries included seven Least Developed Countries (Bangladesh, Cambodia, DR Congo, Madagascar, Sierra Leone, Tanzania, and Uganda). Of the nations within the top quartile of sensitivity, four scored as strongly dependent on each of the individual components of sensitivity (Bangladesh, Indonesia, Ghana, and Vietnam). The least sensitive quartile included only two countries that were identified as being among the most highly dependent on an individual component of sensitivity: Congo, which was among the most nutritionally reliant on fish (45% of animal protein derived from fish), and Macedonia, where fishers comprised a relatively high proportion of the workforce (0.9%).
Fisheries dependency could not be estimated for 39 countries, of which 14 were Least Developed Countries (Fig. 2) . For a further 21 nations, depen- dency was estimated but a lack of adaptive capacity data precluded these countries from the final dataset and analyses. Five such countries missing from the final vulnerability analysis were among those identified as most strongly fishery-dependent: Comoros, Republic of Korea, Maldives, São Tomé & Principe, and the Seychelles. For example, the Maldives had the second-highest proportion of fishers within the EAP globally (18%), and the greatest nutritional dependence on fisheries, with 84% of animal protein derived from fish (FAOSTAT, 2004) .
Adaptive capacity
The countries with the lowest adaptive capacity were concentrated almost exclusively in Africa and tropical Asia (Fig. 4b) . Virtually all Saharan and sub-Saharan African countries, except Namibia, Botswana and South Africa, had low adaptive capacity (Fig. 4b) . The Asian countries with lowest adaptive capacity were Pakistan, Bangladesh, Laos PDR and Nepal (Fig. 4b) . Yemen and Haiti were also among those countries with the most limited capacity to adapt. Twenty-one countries and territories were excluded from final analyses because adaptive capacity data were not available, including: the island territories of New Caledonia and French Polynesia and 9 Least Developed Countries (Benin, Cape Verde, Central African Republic, Chad, Comoros, Djibouti, Eritrea, Maldives, and São Tomé and Principe).
Vulnerability
The regions most vulnerable to climate-induced changes in fisheries were in Africa, particularly in the Western Sahel and Central Africa, northwestern South America, and Asia (Yemen, Pakistan, Bangladesh, and Cambodia) ( Fig. 5; Table 3 ). The only highly vulnerable countries in the higher latitudes were Russia and the Ukraine, reflecting their relatively important fishing fleets, high level of exposure to predicted climate change and relatively low adaptive capacity. Half of the highly vulnerable countries (16 out of 31) were among Africa's Least Developed Countries, of which one is also a Small Island Developing State (Guinea-Bissau) (Fig. 6) . None of the highly vulnerable countries ranked in the upper quartile for all three components of vulnerability. There was little difference in vulnerability between the two climate change scenarios. Algeria and Turkey were vulnerable only under the B2 scenario (Table 3) and Burkina Faso and Togo were vulnerable only under the A1F1 scenario (ranked 26 th and 31 st , respectively).
Discussion
This study is the first to identify nations whose economies are potentially the most vulnerable to future climate change impacts on the fisheries sector. Although warming will be most pronounced at high latitudes, the countries with economies most vulnerable to warming-related effects on fisheries lie in the tropics. The high vulnerability in each of three regions -Africa, northwestern South America, and Asia -reflects different combinations of climate exposure, sensitivity or fisheries dependence and adaptive capacity. Understanding how these various factors combine to influence vulnerability provides a useful starting point for directing future research and climate change adaptation and mitigation initiatives.
Two-thirds of the most vulnerable countries are in tropical Africa, where fisheries are important to the poor, and regional assessments indicate that fishery production in both continental and marine waters is closely tied to climatic variation. West Coast Sahelian and sub-Saharan countries have large coastal populations that rely upon exploitation of rich marine upwelling fisheries, landings from which are largely driven by irregular low frequency oscillation in oceanic and atmospheric climate conditions (Binet 1997) . Fish are an important protein source for some of these West African countries, comprising nearly two-thirds of daily animal protein intake in Gambia, Ghana and Sierra Leone (FAO, 2004) . Many of these fisheries are already subject to overfishing by both local, European and East Asian fishing fleets with access agreements (Alder and Sumaila 2004; Brashares et al. 2004) . In Eastern and Central African fisheries, landings are derived largely from freshwaters (FAO, 2004) . In the deeper Rift Valley lakes, such as Lake Tanganyika, climate change has been associated with increases in surface water temperature, reduced primary productivity and reduced fish catch rate over the last century (O'Reilly et al. 2003) . Water levels and surface areas of some large Figure 5 Vulnerability of national economies of potential climate change impacts on fisheries (which integrates exposure, sensitivity and adaptive capacity) under IPCC scenario B2 (local development, lower emissions). Colours represent quartiles with dark brown for the upper quartile (highest index value), yellow for the lowest quartile, and grey where no data were available. Vulnerability of national economies Edward H. Allison et al. shallow African lakes (Lakes Chilwa, Bangweulu and Chad) fluctuate with regional rainfall anomalies (Jul-Larson et al. 2003) . These climatic and hydrological fluctuations are mirrored by changes in fishing activity and catches (Allison and Mvula 2002) .
Vulnerable Asian countries face combinations of three issues: high fisheries dependence, heavilyexploited marine ecosystems, and high exposure of major riverine and coastal fisheries to climate change. Fish constitute a high proportion of export income in parts of South and Southeast Asia (Fig. 3c) , and a major source of dietary proteintypically 40% of all animal protein consumed per year (Fig. 3d) . Southeast Asian coral reef fisheries already appropriate four times their sustainable catch and their reefs are heavily at risk from coral bleaching induced by climate change (Bryant et al. 1998; Warren-Rhodes et al. 2003; Newton et al. 2007) .
Climate shocks on these Asian fisheries are predicted to have significant economic consequences for the poorest consumers (Briones et al. 2005) . Fisheries production of some of the more vulnerable countries in Asia relies on rivers that arise in the Himalayan Mountains -the Indus, Brahmaputra, Ganga and Mekong. Climate change is likely to cause earlier season peak flows and possible reductions in flow, attributable to reduced snowfall and melting glaciers (Barnett et al. 2005) . For example, predicted summer flows in the Ganges will be reduced by two-thirds (WWF, 2005) . The consequences for the region's highly productive river and floodplain fisheries -a vital component of the rural economy -are uncertain and depend on the interaction between local rainfall and glacier melt profiles, the importance of dry vs. wet season water levels for fish productivity, and increasing irrigation demands for domestic, agricultural and industrial use (Vörösmarty et al. 2000; Alcamo et al. 2003) .
The relatively high vulnerability of north-western South America largely reflects the globally significant fisheries in this region. Climate-sensitive upwellings of nutrient-rich waters support huge catches of anchovies and sardines, primarily off Peru and Chile (Pauly and Tsukayama 1987; Bakun and Broad 2003) . Catches of small pelagic fishes have been as high as 11 million tonnes per year, more than 10% of world capture fish production (FAO 2004) , but show pronounced fluctuations in relation to changes in the El Niñ o Southern Oscillation (Jacobson et al. 2001) . El Niñ o-related warming effects on upwelling dynamics and productivity are associated with declines in Peruvian anchoveta (Engraulis ringens, Engraulidae), while sardines (Sardinops sagax, Clupeidae) tend to increase (Chavez et al. 2003; Lehodey et al. 2006) .
Assumptions, caveats and research gaps
Our analysis provides a framework for assessing fisheries vulnerability to climate change but there is clearly room to refine this approach as better indicators and models become available. Developing more detailed region-specific predictions about climate change impacts on fisheries will depend on improvements in data and understanding about each of the individual components of vulnerability. Such information is gradually becoming available. Clearly there is an urgent need to develop climate exposure indices that are most appropriate to the range of ecosystems exploited by fisheries. At the global-scale, and considering both marine and freshwater systems, we were restricted to using change in atmospheric surface temperature over countries' landmasses. However, for finer-scale analyses, it would be more appropriate to partition the analysis by biomes (freshwater, coastal or high seas), biogeochemical provinces or Large Marine Ecosystems and to use the most relevant climate drivers in that system or impact pathway as indicators of exposure. For example, projected sea surface temperature and/or primary production might be the appropriate indicators of climate exposure for shelf seas and high seas pelagic fisheries (Nixon 1988; Ware 2000; Jennings et al. 2008, Cheung et al. in press) . In contrast, predicted land surface temperatures, precipitation change and/or flow levels may be more appropriate exposure indicators to link to the sensitivity of freshwater ecosystems (Nixon 1988; Payne et al. 1993; Halls et al. 2006) . This implies that future analyses should separate inland and marine fisheries, before recombining them for macro-level analyses of the type we have undertaken here. Even when this is done, pathways of impact on fisheries other than through changes in fish production are not considered. These may include increased frequency and severity of storms that claim lives and destroy livelihoods in low-lying tropical coastal areas (Adger et al. 2005b) . Our coarse-grained approach at least implicitly incorporates such other potential direct and indirect impact pathways.
We have assumed that average temperature changes within countries will be in some way related to potential impact on fisheries in that nation, and therefore on the economic contribution of those fisheries, but in reality, the fishing sector and its national economic contribution may also be affected by warming in distant regions. Many nations have access agreements to fish in a range of locations around the world, each of which will have varying exposure and sensitivity to climate change. In our dataset, 45 of 132 countries reported distant-water marine landings, which typically represented a small proportion of total marine catches (median = 4.9%). For five nations, distant-water landings represented the majority of the catch (Belize: 93%; Lithuania: 77%; Cyprus: 95%; Ukraine: 82%; and USA: 98%). Of these countries, only the Ukraine was identified as highly vulnerable in our analysis, while the other four nations fell within the two lower quartiles of vulnerability. Assessing in detail the potential scale of distant-water fishery impacts was beyond the scope of this study, but the above figures suggest that this is unlikely to have a major impact on our overall conclusions.
In future, the increasing scale of Global Climate Models coupled with the development of linked regional-scale models of how predicted climate changes are likely to result in changes in productivity and associated catches, such as end-to-end or physics-to-fish models will allow a move away from the indicator-based approach outlined here, and provide a more mechanistic approach to parameterising vulnerability analyses. However, there are only a few successful case studies of end-to-end models predicting environmental effects on the abundance, biomass and distribution of single fish species (Megrey et al. 2007; Travers et al. 2007) , ecosystems or of commodities, such as fish meal . The development of full climate-forced ecosystem models with fishery, social and economic dynamics may therefore be some way off yet (Dulvy et al. 2009) .
A major limitation of large scale vulnerability analyses is the lack of detailed social and economic statistics on the fishing industries and fisheries of nations. The problem is particularly acute for artisanal and subsistence fishers, who tend to be overlooked in national censuses or aggregated into and hidden within the agricultural sector (Sadovy 2005; Andrew et al. 2007 ). The contribution of fisheries to national economies is often not adequately accounted for; up to 80% of coastal fisheries landings do not enter the economy (FAO, 1997). Ideally, any vulnerability analysis would be partitioned according to the income distribution and/or poverty levels of national populations. Such detail would contribute substantially to bridging the gap between global-scale analyses, such as this, and appropriate, sectorally-focused national and local scale planning for adaptation.
Insufficient data were available to calculate all three of the component indices of vulnerability for 60 countries, which therefore could not be included in this analysis. For a variety of reasons, many of these countries are likely to have been included in the top quartile of 'highly' vulnerable countries. Some are already suffering great hardship because of war and political unrest. For example, ongoing conflicts in countries such as Chad, Myanmar, Somalia, and Sudan severely limit the adaptive capacity of these nations and place climate change low on list of priorities in the face of more immediate adversity.
Small island states were also underrepresented in this analysis, particularly those in the Pacific Ocean. Absent countries include: Kiribati, Samoa, Solomon Islands, Tuvalu, and Vanuatu, all of which all are also classed as Least Developed Countries (Fig. 2) . Kiribati is one of five countries in the world that are entirely comprises of coral atolls (the others are Maldives, and Marshall Islands, and Tokelau, which is a dependency of New Zealand). All of these nations have a high dependence on fish in their citizens' diets, derived from largely unsustainable coral reef fisheries which, along with low elevation, isolation, small size and relative lack of freshwater make them extremely vulnerable to climate change (Nurse and Sem 2001; Barnett and Adger 2003; Newton et al. 2007 ). The Small Island Developing States that were included in the analysis all scored as being highly vulnerable, (e.g. Fiji, French Polynesia, Maldives, New Caledonia, and the Seychelles), even though they had higher levels of adaptive capacity than many larger countries. In addition, the vulnerability of overseas or dependent territories could not be examined, as their statistics tend to be incorporated into national averages (e.g. of France, UK and USA), while their vulnerability is likely to differ from that of the countries from which they are governed.
Although ecosystems and the services they deliver to people are likely to change markedly over the next 50 years, the causes of those changes and their links to climate change is sometimes less clear. First, fisheries ecosystems and livelihoods will also be affected by climate impacts on other natural resource sectors, and vice versa. Ecosystems that support fisheries, particularly wetlands and river basins, often lie downstream of other human activities (including forestry, agriculture, industrial abstraction and damming) that are likely to compromise and reduce their social and ecological resilience. Second, conversely, where resources are limited, variability in fisheries can lead to increased pressure on terrestrial ecosystems and biodiversity. For example, in Coastal West Africa, during years when small pelagic fishes are in low supply, rates of bushmeat hunting in nature reserves increase, with resulting declines in large terrestrial mammal populations (Brashares et al. 2004) . Third, the net contribution of trade to adaptive capacity is worth considering further as fish trade flows from less developed countries to developed countries (Alder and Sumaila 2004) . Trade may directly enhance national capacity to respond to threats and hazards through higher total GDP, but may indirectly reduce adaptive capacity by reducing social-ecological resilience (the opposite of vulnerability) at smaller scales (Adger 2000) . Fourth, reliance on fisheries may increase further as climate change reduces agricultural crop production (Lobell and Field 2007) . South Asia and southern Africa are predicted to suffer most from reduced crop producVulnerability of national economies Edward H. Allison et al. tivity and here we suggest these regions will also be vulnerable to the effect of climate change on the fisheries component of national economies.
Conclusions
Most of the countries that are most vulnerable to climate change impacts on their fisheries are also the poorest: they contribute only 2.3% of global GDP and 22 of the 33 countries in the most vulnerable quartile are classified as Least Developed Countries. The inhabitants of vulnerable countries are twice as dependent upon fish for food as those of other nations, with 27% of dietary protein derived from fish compared with 13% elsewhere. Yet a considerable proportion of fish captured by the most vulnerable nations is exported. The most vulnerable countries produce 20% of global fishery exports (by weight) totalling US$6.2 billion (thousand million) or 13% of the total global value of exports. In the absence of enhanced capacity to cope with and adapt to the impacts of climate change, the disruption of fisheries by climate change is likely to affect large numbers of poor people, and reduce the options for future economic growth in those countries for which fisheries are important sources of food, employment and export revenues.
An important element of climate change that could represent 'dangerous anthropogenic interference ' (UNFCCC, 2006) is the vulnerability of the economies of some of the world's fishing countries to climate change impacts which could affect their food security and levels of poverty by elevating stress on fisheries production. While the detailed effects of climate change and direction of change on the physical and biological processes that affect individual fisheries are uncertain, overall, the largescale climate-related changes in fisheries are likely to bring either increased economic hardship or missed opportunities for countries that depend upon them but lack capacity to adapt. Building adaptive capacity is a necessary response, both for countries where climate change may bring improved fishing opportunities and for those where detrimental impacts are foreseen. Countries with weak economies and poor governance are less able to translate improved fishery productivity into reduced poverty. In addition to the effects of climate change, fisheries production systems are already under considerable stress from overfishing, habitat loss, pollution, invasive species, water abstraction and damming. Fortunately most climate change adaptation measures thus go hand-in-hand with attempts to reduce both poverty and overfishing through strengthening livelihoods, economies and environmental governance.
